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INTRODUCTION
Theoretical and analytical advances in conservation biogeogra-
phy have greatly improved our knowledge of the spatial
dynamics of taxa and assemblages, as well as the relationship
between nature and humans (Whittaker et al., 2005). This
improved understanding of the mechanisms behind the distri-
bution of organisms, and the increasing complexity of the tasks
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Aim Decision-support models have considerable potential for guiding
management strategies when problems are complex. The robustness of such
decision-making processes is rarely evaluated, and the influence of decision
criteria (or factors) in management decisions is seldom considered. We present a
framework for a spatially-explicit sensitivity analysis by using a scheme developed
to provide objective guidelines, in the form of static priority maps, for managing
woody invasive alien plants (IAPs).
Location The Cape Floristic Region, South Africa.
Methods The model included seven factors related to management history, fire
risk, and the age, identity, density and spread of IAPs. Each factor had a weight
associated that reflected its relative importance in prioritizing areas for clearing.
We changed these factor weights using three approaches of sensitivity analysis and
assessed the effect of these changes on the spatial structure of the resulting priority
maps in three different management regions.
Results Different outcomes arose depending on the importance given to different
factors. Priority maps were most sensitive to the fire-related factors, suggesting
that fire is both a crucial driver of invasion in fynbos and an overriding
determinant of management options. The factor ‘area burnt recently’ provided
crucial information for the effective clearing of IAPs. The sensitivity of the model
to changes in other factors was more context specific: levels of sensitivity were
highly dependent on different features of the landscape, especially the spatial
heterogeneity of particular factors.
Main conclusions By clarifying the importance of factors in shaping priority
maps, the sensitivity analysis framework enabled us to identify the necessary
factors to produce outcomes matching a pre-selected management strategy. This
is important for cost-efficient management, as acquisition and curation of data is
expensive. This spatially-explicit sensitivity analysis is, thus, recommended to
evaluate the robustness and generality of selected management strategies, and
validate the assumptions derived from decision-making protocols.
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facing managers when attempting to accommodate the multiple
linkages between natural and human environments has driven
the development and application of formal tools to assist the
decision making for environmental management.
Multi-criteria decision models (MCDMs) are often applied
to guide management when the problems at hand are complex
and outcomes depend on multiple factors (de Steiguer et al.,
2003), analogues to problems that confront most conservation
managers. MCDMs combine social, economic and environ-
mental factors or criteria into a manageable number of factors
to identify and quantify the severity of a problem, and select a
subset of optimal management strategies as the outcome. To
ensure the consensus and utility of the outcomes in setting
spatially-explicit priorities for management, decision models
are normally developed in a participatory process involving
various stakeholders, policy groups and researchers. Such
decision-support tools have been applied for many purposes,
e.g. identifying responses of systems to perturbations (Fürste-
nau et al., 2007), delimiting conservation areas (Moffett et al.,
2006; Regan et al., 2007) and setting control priorities for
biological invasions (Roura-Pascual et al., 2009).
Sources and levels of uncertainty in MCDMs need to be
understood to attach levels of confidence to decisions
(Ascough et al., 2008). One key source of uncertainty in
MCDMs relates to the structure of the model; uncertainty
arises from the use of inappropriate factors and expressions in
representing real-world system (Harwood & Stokes, 2003).
Thus, the robustness of the decision-making process and the
influence of different factors in determining results (i.e.
decisions) must be evaluated to allow for management to
improve over time (Hyde et al., 2005; Fuller et al., 2008). Such
steps are seldom taken in conservation management (Moffett
et al., 2006; Valente & Vettorazzi, 2008). Consequently, applied
decision-support systems have little heuristic value and
fundamental decision questions need to be addressed afresh
at each iteration. Evaluating the sensitivity of decision models
paves the way for considering alternative strategies (Neubert &
Caswell, 2000; Buckley et al., 2005). An important task for
conservation biogeographers is to explore the sensitivity of
management outcomes to various model effects and the best
ways in which different societal objectives can be incorporated
in modelling frameworks (Whittaker et al., 2005).
In this study, we provide a framework for a spatially-explicit
analysis that evaluates the sensitivity of model-based manage-
ment prescriptions to changes in the relative importance
assigned to different decision criteria (here referred as factors).
As an example, we apply the framework to a decision model
developed to prioritize areas for invasive plant control to three
study regions in South Africa’s Cape Floristic Region (Roura-
Pascual et al., 2009). Based on the spatial consequences of
changing the relevance of factors included in the decision
model, the sensitivity analysis aims to gain a better under-
standing of: (1) the role of different factors in determining the
decision outcomes (i.e. static priority maps that delineate
priorities across management regions); (2) the minimum data
required to generate results that match the original decision
model (defined by experts in a participatory workshop),
without losing relevant information; (3) the divergences
among the original decision model and other management
strategies currently under way; and (4) the sensitivity of the
decision model to the particularities of different geographic
regions. Answers to these questions enable us to identify the
main sources of uncertainty associated with our decision
model and assist managers in setting up management actions
that consider the influence of factors included in the analysis.
METHODS
Prioritization of areas for alien control: the decision
model case
The sensitivity analysis was applied to a MCDM aimed at
identifying areas for the control of the most important woody
invasive alien plants (IAPs) at the landscape scale in South
Africa’s Cape Floristic Region (regional or national-scale
planning typically demands the use of other factors that are
not addressed here). The MCDM was developed through a
participatory process with managers and researchers experts on
various aspects of IAPs. The participatory process adopted the
structured Analytical Hierarchy Process to determine the
relative importance of factors at each level of the model
hierarchy (Saaty, 1980). Details on the development and
structure of the MCDM are given elsewhere (Roura-Pascual
et al., 2009). For simplicity, here we only present the core of
our decision model – the stand-attributes module – which sets
the priorities for the management of invaded stands in a
distinct, geographically defined, management region within the
Cape Floristic Region.
This module stand-attributes (hereafter referred as decision
model) includes seven factors related to management history,
fire risk, and the identity, age, density and spread of IAPs: ‘area
burnt recently’ (ABR), ‘density of IAPs’ (DoI), ‘spread based on
topography’ (SbT), ‘areas at fire risk’ (AFR), ‘age of IAPs’ (AoI),
‘identity of IAPs’ (IoI) and ‘last clearing operation’ (LCO). These
factors were further divided into sub-factors (see Table 1 for
more details). The relative importance (or weight) of each factor
and sub-factor was assigned during the development of the
MCDM (Roura-Pascual et al., 2009). The sum of all factors’
weight equals one, as well as the sum of all sub-factors’ weight
within each particular factor. For example, the factor ‘spread
based on topography’ has an importance of 0.17 compared to the
rest of the factors, and its sub-factors ‘planar and pit’, ‘channel’
and ‘pass, ridge and peak’ have a sub-weight of 0.07, 0.28 and
0.65, respectively. Overall, factors related to the fire-prone
nature of the ecosystem and the characteristics of the invasive
stands emerged as the pivotal features for setting spatially-
explicit priorities for management (Table 1).
To derive a spatial representation of the decision model for a
given management region, the weights of factors and sub-
factors were converted into a map indicating prioritized areas
for IAPs control within a GIS interface. The region was divided
into cells of equal resolution (100 m · 100 m) and each cell
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was characterized by seven attributes, one for each factor
included in the stand-attributes module. Cell attributes were
extracted from various digital coverages (e.g. time since the last
fire, distribution and density of alien species, topography,
history of the clearing operations) that were available for the
respective region. A priority value was then calculated for each
cell based on cell properties and the weights assigned to the
different factors included in the stand-attributes module. This
resulted in a priority map for the selected region, which is a
spatial representation of the decision model and constitutes the
end product on which managers can base their control
strategies. The priority map generated using the factor and
sub-factor weights of the original decision model selected by
expert agreement (Table 1) will be referred to as ‘consensus
prioritization’ hereafter. A more detailed explanation of the
conversion of the weights of factors and sub-factors to produce
a priority map is given in Appendix S1.
Sensitivity analysis framework
To examine the full range of variation in the original set of
factor weights and consider other potential alternatives to the
original decision model (Table 1), we altered the relative
importance of factors using three different sensitivity ap-
proaches (one-dimensional weights, random weights and
selected weights) that differ in the way that the factor weights
are modified. The weights assigned to sub-factors were kept
unchanged, except for the selected-weights approach where
several specific strategies were evaluated. The effect of altering
the weights assigned to the factors on the distribution of the
priorities in a given region was then evaluated in a spatial
dimension, after converting each set of new weights into a
priority map and comparing it with the map derived from the
original decision model (i.e. the consensus prioritization).
To assess the robustness of the decision model across
geographic regions, we ran the sensitivity analysis in three
management regions within the Cape Floristic Region: the Cape
Peninsula; the Agulhas Plain (including the De Hoop Nature
Reserve); and the Outeniqua, Wilderness and Knysna regions.
These management regions were selected for comparison
because they have distinct sets of biophysical and socio-
environmental conditions that diversity opportunities for
management and therefore the state and dynamics of invasions
(see Roura-Pascual et al., 2009). While woody IAPs on the Cape
Peninsula are relatively under control, the extent and density of
invasive populations in the other regions are increasing.
Each priority map derived from the sensitivity analysis was
compared with the consensus prioritization using two dissim-
ilarity and information indices: Earth Mover’s Distance (EMD)
and Shannon diversity. The EMD, also called Mallows Distance
(Levina & Bickel, 2001), is a mathematical measure for
evaluating dissimilarity between two distributions. Distribu-
tions are interpreted as different ways of piling up a certain
amount of earth, and the EMD index is calculated as the
minimum cost of turning one pile into the other, taking into
Table 1 Factors and sub-factors included in the stand-attributes
module of the multi-criteria decision model developed by Roura-
Pascual et al. (2009) for setting spatially-explicit priorities for
management of invasive alien plants (IAPs) at local scales in the
Cape Floristic Region. Weights associated with each factor (xi)
indicate their importance (0–1) within the module and all values
sum up to 1. Weights for each sub-factor (tij) indicate their rel-
ative importance (0–1) within that specific factor and sum up to 1.
For example, the factor relating to the density of IAPs has an
importance of 0.17 compared to the rest of the factors within the
stand-attributes module and the sub-factor ‘occasional’ an
importance of 0.39 within that factor.
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account the distances between the different features (Ling &
Okada, 2007; Krug & Eddelbuettel, 2009). The EMD was
originally conceived as a distance measure to evaluate the
differences between two images (Peleg et al., 1989), and it is
used in image retrieval and histogram comparison (Rubner
et al., 2000; Ling & Okada, 2007). The Shannon diversity index
(H) is a synthetic index that quantifies the amount of
information contained in an event (Shannon, 1948). It is not
an absolute quantity, but measures diversity in categorical data
considering both the number and abundance of the categories
(Anderson, 2008). Besides its numerous applications in
information theory, the Shannon index is a well-established
measure of biological diversity (Hurlbert, 1971).
To our knowledge, this study is the first application of EMD
and H indices for quantifying differences in management
priorities. To render the priority maps comparable, we first
standardized the values at the cell level so that the sum of all cells
for a given region equals one. We were not interested in the
absolute value of cells, but on the relative value in relation to
other cells. The EMD was thus used to compare the priority maps
derived from the sensitivity analysis with the consensus prior-
itization, and the H index to capture the multidimensional
information contained in each priority map. They were simply
used as relative distance metrics; for example, EMD is only able
to identify whether a priority map A is more different from the
consensus prioritization than a priority map B in a given region,
but not to explain why it happens. The underlying causes
producing these differences need to be interpreted a posteriori by
visual comparison. Refer to Fig. S3 for an example of the
behaviour of the EMD and H indices in an hypothetical region.
All the analyses were performed in R (R Development Core
Team, 2008), and the GIS manipulations performed in GRASS
GIS software v. 6.2.3 (GRASS Development Team, 2007).
Approach 1: one-dimensional weights
This sensitivity approach evaluates the effect of changing the
weight assigned to a single factor by increasing it from 0 to 1 in
steps of 0.01 while holding constant the ratios among the weights
assigned to the other factors, so that all weights add up to 1
(Moffett et al., 2006). This resulted in 7 · (1/0.01) = 700 new
sets of weights, which were then converted into priority maps
and evaluated as described above. EMD values comparing the
dissimilarity between each priority map and the consensus
prioritization, as well as the level of information contained in
each map as measured by the Shannon diversity index, were
graphed to evaluate the effect of altering the weight of each factor
separately. This one-dimensional weights approach allows to
evaluate the relative influence of each factor separately but
ignores interactions that result from modifying simultaneously
the weights of multiple factors (Butler et al., 1997).
Approach 2: random weights
To explore the entire spectrum of possible weight combina-
tions, this approach generates weights for all factors at random
while maintaining the sum of all weights equal to 1. A total of
50,000 sets of random weights were generated. These new sets
of weights were converted into priority maps and compared
with the consensus prioritization by means of the EMD; the
level of information associated to each map was also measured
using the Shannon diversity index. The resultant EMD and H
values were graphed to evaluate the influence of each factor.
Unlike the one-dimensional weights, this approach allowed us
to evaluate multiple factors simultaneously (Butler et al.,
1997).
In addition to the visualization of the results, we used these
50,000 sets of randomly generated weights to conduct two
additional analyses. In the first analysis, we retained two
different subsets of random weights: (1) one subset containing
the 1% of sets of random weights presenting the lowest EMD
values (i.e. 500 sets presenting the most similar priority maps
to the consensus prioritization), and (2) another subset
containing the 1% subset of sets of random weights giving
the highest H values (i.e. 500 sets presenting the most
informative priority maps). For each subset separately, we
compared the values assigned to each factor with the weights of
the original decision model (Table 1) by means of a box-plot
graph.
In contrast to the previous analysis where a subset of sets
of random weights were selected, the second analysis used a
model-selection procedure based on the Akaike Information
Criterion (AIC) method (Akaike, 1974) to identify: (1) the
set of random weights giving the most similar priority map
to the consensus prioritization but with a minimum number
of factors, and (2) the set of random weights giving the
most informative priority map with a minimum number of
factors. The AIC for a given set of random weights was a
function of its maximized log-likelihood (‘i) and the
number of factors (ni) considered in that specific set of
random weights:
AICi ¼ 2ni  2‘i
where the log-likelihood for the EMD was calculated as
‘i = ln (1 ) (EMDi/EMDmax)), and for the H index as
‘i = ln (Hi/Hmax). EMDi and Hi correspond to the value
of the EMD and H indices derived from a specific set of
random weights, and EMDmax and Hmax are the highest
values for EMD or H indices in the entire 50,000 sets of
random weights. Factors with a weight lower than 0.05 were
considered as being 0 and consequently not included in ni.
Upon completion of this process, from all set of random
weights, we chose the one presenting the lower AIC value
with the fewest possible number of factors and calculated the
difference in AIC with the consensus prioritization (DAIC)
to examine their divergences. As a rough rule of thumb,
Burnham & Anderson (2002) propose that models for which
DAIC £ 2 receive substantial support and are considered
when making inferences, models having 2 £ DAIC £ 7 have
considerably less support, and models having DAIC ‡ 10
receive no support.
Sensitivity analysis of decision-support models
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Approach 3: selected weights
The two sensitivity approaches described earlier enabled us to
explore ways in which variations in the factor weights influence
the distribution of the priorities, by revealing the relationships
between the factors considered in the analyses. The selected-
weights approach, in contrast, compares the original decision
model against alternative strategies to understand the impli-
cations of adopting particular decisions. The conversion of
these alternative strategies into a set of weights that encapsulate
the mindsets that underpin most management actions against
IAPs currently under way in the Cape Floristic Region was
carried out using the Analytical Hierarchy Process, as we did in
developing the original decision model in Roura-Pascual et al.
(2009). In this case, however, we only made alterations to the
weights assigned to the factors or sub-factors; no changes to
the structure of the model hierarchy were allowed.
We generated three sets of selected weights: (1) one set was
orientated towards increasing water production, with priority
given to riparian areas in lower parts of the catchment invaded
by dense stands of Acacia species (named ‘Water production’);
(2) a second set prioritizing areas based on previous clearing
operations, giving higher priority to areas with an initial
clearing operation or in follow-ups (‘Maintain follow-ups’); and
(3) a final set that is a slight variation of the original decision
model, where management operations do not rely on fire
opportunities to clear invaded stands and the potential of a
stand to be a major source of invasion is minimized (‘Keep
clean’) (Fig. 1 and Table S2). These sets of selected weights were
converted into priority maps and compared to the consensus
prioritizations using EMD and Shannon diversity indices.
RESULTS
Approach 1: one-dimensional weights
By systematically changing the weight assigned to each factor,
we found differences between factors and geographic regions
(Fig. 2). Increasing the weight assigned to the factor ‘area
burnt recently’ produced remarkable changes in the priority
maps. ‘Density of IAPs’ was the second factor that produced
major changes in the Cape Peninsula and Agulhas Plain when
its weight was above 0.9, but not in Outeniqua where the ‘last
clearing operations’ was the most relevant factor irrespectively
of its weight. It is important to note, however, that increasing
the weights assigned to the majority of factors produced a
gradual and relatively small modification of the priority maps;
only the factor ‘area burnt recently’ produced the most
remarkable effects (Fig. 2a).
When examining the effects on the level of information
contained in the final priority maps as measured by the Shannon
diversity index, changes were only evident when factors were
weighted above 0.8 (Fig. 2b). At these high weights, the level of
information of the overall spatial representation dropped
considerably because the influence of the factor was overwhelm-
ing and masked the roles of other factors. ‘Density of IAPs’ was
the factor that provided the highest levels of information (> 0.8
in all three management regions), followed by the factor ‘identity
of IAPs’ in Cape Peninsula and Agulhas Plain.
Approach 2: random weights
When random weights were assigned to the factors, the effects on
the EMD and Shannon diversity indices considering each factor
separately followed a similar pattern to the one observed in the
one-dimensional weights analysis (Fig. S4). The distribution of
EMD values was similar across regions: the averaged EMD values
increased at high factor weights, but the dispersion declined
(Fig. S4a). This was expected considering that the higher the
weight assigned to the factor, the lower the influence of the other
factors. However, this effect was not very accentuated with the
factor ‘area burnt recently’ (especially in Agulhas Plain) and, to a
lesser extent, the ‘density of IAPs’. These factors do not seem to
constrain the priority maps as much as the other factors, which
tend to override the influence of the rest of the factors when high
weights are assigned to them. When looking at the dispersion
pattern of the Shannon diversity values considering each factor
separately, we found similar patterns across factors and regions:
the level of information decreased considerably at high factor
weights (> 0.8 approximately; Fig. S4b).
If we look closely at the 1% subset of weight combinations
with the lowest EMD values (Fig. S5), the weights assigned to
factors tend to be close to the values of the original decision
model (Figs 3a & S6). This result was expected, because slight
variations in the original set of weights of the decision model
were expected to produce similar priority maps to the consensus
prioritization. However, it is important to note that the weights
assigned to the factor ‘area burnt recently’ in Agulhas Plain, and
























Figure 1 Visualization of strategies considered in the selected-
weights sensitivity analysis in a star plot (see Table S2 for the
weights assigned to the factors and sub-factors). Strategies are
described according to seven axes, each one corresponding to one
of the factors included in the original decision model. These axes
create a seven-dimensional space, where weights assigned to each
factor range from 0 (centre) to 0.5 (periphery). The total weights
considered in each strategy add up to 1.
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than the consensus one. These differences are very interesting,
because they indicate that the consensus prioritization only
represents an ‘unstable’ solution for yielding minimum EMD.
Under these circumstances the most stable and robust set of
weights should be around the median values, which are the
system’s attractors. To achieve the same control priorities than
the decision model, we would therefore recommend the median
weights, not the original weights of the decision model. This is
because slight changes in the original weights produce large
changes in the priority maps, whereas small mutations in the
median weights do not affect the priorities for the IAPs control.
In terms of the 1% subset of sets of random weights
presenting the highest Shannon diversity index (Fig. S5), the
median values derived from this subset of weight combinations
for the majority of the factors tend to be similar to the original
weights (Figs 3b & S6). Factors with smaller median values
than the ones assigned to the original decision model are:
‘areas burnt recently’, ‘spread based on topography’ in Cape
Peninsula and Agulhas Plain, and ‘density of IAPs’ in
Outeniqua. These mismatches suggest that the decision model
does not use the input data with maximum efficiency, i.e. the
information contained in the input data has not been fully
incorporated into the original decision model for producing
the priority map (the consensus prioritization).
The protocol used to select the weight combination
generating the most similar priority map to the consensus
prioritization revealed that the exclusion of two or more
factors produced remarkable changes in the distribution of the
priorities (DAIC > 2, Table 2a). When maintaining all factors
(n = 7), the relative importance of factors was quite similar to
the original decision model in Cape Peninsula and Outeniqua,
but not in Agulhas Plain where the ‘density of IAPs’, ‘spread
based on topography’ and ‘area at fire risk’ were the most
important factors. With the exclusion of one factor from the
model, even though the resultant priority maps were quite
similar to the consensus prioritization (DAIC £ 2, Table 2a),
the model performed differently in the three study regions and
confirmed that decision models need to be adapted to the
particularities of each management region.
A similar pattern was observed when identifying the most
informative combination of factor weights: the exclusion of
two or more factors produced remarkable changes in the
distribution of the priorities compared to the consensus
prioritization (DAIC > 2, Table 2b). For Outeniqua, it is
important to note that the exclusion of one or more factors did
not always alter the level of information contained in the
resultant priority maps; several weight combinations achieved
the same maximum value for the Shannon diversity index
(H = 3.72). In general, the relevance of factors in determining
the most informative strategies differed between regions:
‘density of IAPs’ appeared as the most relevant in Cape
Peninsula and Outeniqua, followed by the factor ‘area at fire
risk’ to a lesser extent; contrarily, in Agulhas Plain, the most
informative factors are species-specific factors such as ‘age of
IAPs’ and ‘identity of IAPs’ (Table 2b). These results are in
concordance with the results derived from the 1% subset of
sets of random weights presenting the highest Shannon
diversity index (Fig. 3b).
Approach 3: selected weights
Comparing the spatial distribution of the priorities derived
from the original decision model with the three sets of
selected weights (Fig. 4) by means of EMD values indicated
that: (1) the strategy ‘water production’ produced similar
priority maps to the consensus and ‘keep clean’ (aiming at
clearing low density stands of invasive species) strategies in
Area burnt recently
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Figure 2 One-dimensional weights sensitivity analysis for three
regions in the Cape Floristic Region (Cape Peninsula, Agulhas
Plain and Outeniqua). The analysis was performed by changing
systematically the weights assigned to each factor included in the
original decision model, while maintaining the rest constant. The
x-axis indicates the weights assigned to factors, while the y-axis
divergences in: (a) the spatial distribution of the priorities between
that specific set of factor weights and the consensus prioritization
as measured by the Earth Movers Distance (EMD), and (b) the
level of information as measured by the Shannon diversity index.
Colours correspond to different factors. Note that graphs in (a)
display different scales in the y-axis.
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Cape Peninsula and Outeniqua; (2) in Agulhas Plain, the most
similar priority maps occur between the consensus and
‘maintain follow-ups’ strategies; (3) the most different prior-
itization in Outeniqua is the one derived from the ‘main
follow-ups’ strategy, while in Cape Peninsula and Agulhas
Plain is only between the ‘main follow-ups’ and ‘keep clean’
strategies (Table 3). On the other hand, Pearson correlations
suggested that: (1) the strategy ‘water production’ produced
the most different priority maps in all three regions, and (2)
Outeniqua is the region where major differences in the
distribution of priorities were observed between strategies
(Table 3). This latest observation is corroborated to some
extent by the probability densities associate to each priority
map shown in Fig. 4: Cape Peninsula presents a constant
distribution of the priority values across all strategies, while
Agulhas Plain and especially Outeniqua are more dependent
on the adopted prioritization strategy.
DISCUSSION
Sensitivity analysis framework: novelty and caveats
This study presents a framework for a sensitivity analysis
that evaluates the effects of changing the relative importance
of factors (i.e. weights) included in a MCDM, by applying
three different sensitivity approaches: one-dimensional,
random and selected-weights analysis, which varied in the
way the factor weights considered in the decision model
were allowed to change (Butler et al., 1997). The first two
approaches allowed us to evaluate the relative influence of
individual factors and the linkages between the factors,
whereas the third approach facilitated the comparison of the
decision model under evaluation with other models of
interest.
Besides the existence of multiple sensitivity analyses for
MCDMs (Masuda, 1990; Triantaphyllou & Sanchez, 1997;
Hyde et al., 2005), our framework is novel in that it evaluates
the influence of changes in factor weights in spatial dimen-
sions. Instead of considering the outcomes of the model as
discrete elements (i.e. cells in a given region that receive a
priority value) and evaluating their rank order when changing
the decision criteria (Butler et al., 1997; Fuller et al., 2008),
changes in priorities are evaluated spatially explicitly using
distance measures that take the spatial configuration into
consideration. Each decision model is transformed into a
spatial priority map, which is then compared to the original
priority map using the EMD to identify spatial divergences
between both prioritizations and the Shannon diversity index
to measure the information contained in each model. The
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Figure 3 Box-plots showing the weights assigned to factors during the random weights analysis in three region in the Cape Floristic Region
(Cape Peninsula, Agulhas Plain and Outeniqua) when considering: (a) the 1% subset of random weights closest to the consensus priori-
tization as measured the Earth Movers Distance (EMD), and (b) the 1% subset of random weights giving the highest diversity values as
measured by the Shannon index. The analysis was performed by changing randomly the weights assigned to all factors included in the
original decision model, in a way that the final weights sum up to 1. The boxes correspond to the 25% and 75% percentile of all weights, the
middle lines indicate the median value, and whiskers indicate the minimum and maximum weights. The factor weights of the original
decision model appear indicated by an arrow. See the probability density of the weights assigned to factors in Fig. S6.
N. Roura-Pascual et al.
432 Diversity and Distributions, 16, 426–438, ª 2010 Blackwell Publishing Ltd
the similitude between the two ‘pictures’ (or priority maps in
our study case), but does not indicate the threshold above
which the two maps can be considered sufficiently different.
Likewise, the utility of the Shannon diversity index to describe
the level of information contained in the priority maps and
their effect on the management operations need further
investigations. We only used these indices as relative distance
metrics within a given region, but further developments would
facilitate the refinement of the procedure and provide more
clear/standard protocols on how to interpret the outputs of
these analyses.
In this light, we also presented an incipient analysis for
identifying strategies that provide similar outputs to the
original consensus model by including less number of factors.
Although highly promising in its objectives, the final results
were complex and rather difficult to evaluate; changes in the
original set of factor weights produced large changes in the
outputs (i.e. priority maps) that precluded the achievement of
reliable results (Drechsler, 2004). In this sense, considering the
potentialities of the approach for guiding conservation prac-
tices and the scope for further methodological improvements,
we encourage research to pursue this line and develop
protocols for spatially-explicit sensitivity analysis applied to
new management tools.
Applications of sensitivity analysis in conservation:
case study of biological invasions in the Cape Floristic
Region
As an example of the applicability of this sensitivity framework
to evaluate the robustness of MCDMs, we applied the
framework to a scheme previously developed for prioritizing
areas for clearing of IAPs in any given management region
within the Cape Floristic Region (Roura-Pascual et al., 2009).
Results derived from the one-dimensional and random anal-
yses indicate that major deviations from the original decision
model in setting spatial-explicit priorities for IAPs control are
produced when changing the weight assigned to the factor
‘area burnt recently’, but also when changing the weights
assigned to ‘density of IAPs’ in Cape Peninsula and Agulhas
Plain and to the ‘last clearing operation’ in Outeniqua. These
results corroborate that consideration must be given to areas
burnt recently when prioritizing areas for IAPs control. In all
the studied regions, the factor ‘area burnt recently’ emerged as
Table 2 Sets of factor weights derived from the random weights analysis producing: (a) the most similar priority maps to the consensus
prioritization as measured by the Earth Movers Distance (EMD), and (b) the most informative priority maps as indicated by the Shannon
diversity (H) index, in three regions in the Cape Floristic Region (Cape Peninsula, Agulhas Plain and Outeniqua). The selection proto-
col followed Akaike Information Criterion (AIC) analysis, using EMD and H values to derive the likelihood function (see Methods for
more details). When various sets of factor weights yielded the same minimum values of AIC, we selected those weight combinations
that omitted the factors yielding a lower weight in the original decision model (they appear indicated by an asterisk (*) in the n-column).
DAIC refers to the difference in AICs between the consensus prioritization and the priority map derived from that specific set of
weights; DAIC £ 2 correspond to set of factor weights producing priorities for alien control similar to the consensus prioritization. We
present the weights assigned to factors in the original decision model for comparison in the first row. See abbreviations in the Methods
section.
n ABR DoI SbT AFR AoI IoI LCO EMD/H logLik AIC DAIC
Consensus 0.40 0.17 0.17 0.13 0.06 0.05 0.03
(a)
Cape Peninsula 7 0.22 0.14 0.16 0.10 0.09 0.11 0.09 7.59 )0.05 14.10 )0.10
6 0.18 0.10 0.47 – 0.06 0.07 0.05 13.08 )0.09 12.18 1.82
5 0.36 0.09 – – 0.25 0.06 0.12 20.44 )0.15 10.29 3.71
Agulhas 7 0.07 0.23 0.27 0.17 0.08 0.09 0.07 9.84 )0.02 14.05 )0.05
6 0.08 0.19 0.26 – 0.14 0.07 0.09 21.92 )0.05 12.11 1.89
5 0.49 0.10 – – 0.07 0.14 0.10 32.93 )0.08 10.16 3.84
Outeniqua 7 0.46 0.12 0.08 0.09 0.06 0.06 0.13 11.45 )0.07 14.13 )0.13
6 – 0.46 0.09 0.07 0.13 0.06 0.12 30.17 )0.18 12.36 1.64
5 – – 0.15 0.16 0.27 0.07 0.24 33.41 )0.20 10.41 3.59
(b)
Cape Peninsula 7 0.09 0.26 0.13 0.14 0.21 0.07 0.06 4.20 )0.01 14.02 )0.02
6 0.20 0.27 0.11 0.26 0.07 – 0.06 4.23 0.00 12.01 1.99
5 – 0.43 0.23 0.16 0.07 0.08 – 4.24 0.00 10.01 3.99
Agulhas 7 0.06 0.12 0.05 0.10 0.25 0.24 0.12 3.84 0.00 14.00 0.00
6 – 0.10 0.14 0.08 0.39 0.16 0.09 3.85 0.00 12.00 2.00
5 – 0.11 0.20 0.14 0.31 – 0.07 3.84 0.00 10.00 4.00
Outeniqua 7 0.10 0.20 0.08 0.26 0.06 0.22 0.07 3.72 0.00 14.00 0.00
6* 0.11 0.18 0.46 0.06 0.09 0.06 – 3.72 0.00 12.00 2.00
5* 0.16 0.20 0.13 0.10 0.24 – – 3.72 0.00 10.00 4.00
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the factor that produced the most marked changes in the
spatial representation of priorities for IAPs control, and
therefore accurate data for this factor are crucial. Managers
need to be aware that incorporating wild fires or prescribed
burning into their management options has important effects
when prioritizing control operations. The importance of fire in
controlling invasive species in the Cape Floristic Region has
been highlighted in numerous studies (e.g. Kruger, 1983;
Richardson et al., 1994; van Wilgen et al., 1994), and careful
incorporation of this factor into management strategies is
crucial. Although the relevance of the other two factors
(‘density of IAPs’ and ‘last clearing operations’) depended on
the geographic region, the divergences caused by these factors
when included in the decision models need to be considered.
The influence of ‘density of IAPs’ was expected considering
that the different vegetation structures of the invaded stands
have different management opportunities, but the influence of
the ‘latest clearing operation’ in Outeniqua was somewhat
surprising. We think that the relevance of ‘last clearing
operation’ over ‘density of IAPs’ was a result of the charac-
teristics of the study site: the density of invaded stands in
Outeniqua is quite low thanks to the previous management
operations, and therefore this factor does not seem to influence
the final outputs of the model.
These divergences among regions indicate that the relative
influence of factors included in the decision model is highly
dependent on the characteristics of the study site and
specifically on the spatial configuration of the environment.
If the region under study is homogeneous in relation to one of
the factors included in the analysis, this factor will have a low
relevance even though it was assessed as highly important in
the original decision model. This can be seen when looking at
factor ‘area burnt recently’ in Agulhas Plain: the GIS layer
underlying its spatial representation had a Shannon diversity of
Figure 4 Priorities for management of invasive alien plants in three regions in the Cape Floristic Region (Cape Peninsula, Agulhas Plain
and Outeniqua) following strategies considered in the selected-weights sensitivity analysis (Fig. 1). Colours correspond to priority values that
range from low (0) to high (1) depending on the characteristics of the site and the weights assigned to factors. Graphs show to the
distribution of the priority values (considering a bandwidth of 0.0005); x-axis refers to the priority value, and y-axis to the probability
density. The size of the grid cells is 10 · 10 km.
N. Roura-Pascual et al.
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0.01 (Fig. S2). Therefore, it can be expected that the weight for
the factor ‘area burnt recently’ can be changed without major
deviation from the consensus prioritization as corroborated by
the systematic and random analyses. In contrast, changes in the
weights assigned to factors with a low relevance in the original
decision model might produce major changes in the final
spatial representation of the priorities when the region is
homogeneous in relation to the highly weighted factors and
heterogeneous in relation to these low-weighted factors. These
mismatches suggest that the decision model does not use the
input data with maximum efficiency. What managers and
researchers considered as important (i.e. high weight for the
factor) when developing the decision model is not necessarily
reflected in a high diversity of the underlying layer. This is
obvious as the decision model was the same for any
management region within the Cape Floristic Region, and
layers depend on the temporal occurrence of the process
determining them and also on the distinct environmental and
socio-economic characteristics of the study site. The impor-
tance of the process under consideration does not necessarily
translate into a spatially heterogeneous pattern.
In addition to evaluating the behaviour of the factors under
different conditions, we also used the random analysis to
identify the minimum number of factors that produce results
similar to the consensus prioritization. This is important since
data accessibility is a limitation in most cases, and the costs of
collecting/preparing unnecessary data are not always accept-
able. We used the classical model selection procedure based on
the Akaike Information Criterion (AIC; Akaike, 1974), in
which the EMD of each combination of factors and weights
were used as the basis of the likelihood function. By applying
this analysis to our study case, results indicate that the
inclusion of most factors is necessary to produce similar results
to the consensus prioritization. Even though some factors
appeared to have a minor relevance on the final outputs, the
removal of two or more factor from the decision model does
not seem appropriate.
In contrast with the one-dimensional and random weights
analyses, the selected-weighted sensitivity analysis permitted
the search for divergences in the distribution of priorities for
IAPs control among specific models. We compared the
consensus prioritization derived from the decision-making
process with experts on IAPs control with other management
strategies currently under way in the Cape Floristic Region.
The comparison showed that strategies provide different
spatial distributions of the priorities, and this has considerable
implications when allocating the resources available and
targeting efficient actions for IAPs control. It is also expected
that these differences are more accentuated in heterogeneous
environments, since in homogeneous regions the effect of
using one or another strategy is relatively indifferent because
most of the areas will have similar priority values. These results
indicate that the adoption of different prioritization ap-
proaches has considerable consequences at a spatial prioriti-
zation level and managers need to be aware of their decisions
when setting priorities for alien control.
Our results show that sensitivity analysis is important for
ensuring effective transfer of the state-of-the-art knowledge
captured in sophisticated, spatially-explicit models to conser-
vation management. First we identified the most influential
factors in determining the establishment of priorities, and
second the relevance of changes across geographic regions. The
prioritization of areas for alien clearing is highly dependent on
the regions of study in which it needs to be implemented. Even
Table 3 Divergences in the distribution of the priorities for management of invasive alien plants in three regions in the Cape Floristic
Region (Cape Peninsula, Agulhas Plain and Outeniqua) among strategies considered in the selected-weights sensitivity analysis (Fig. 1). The
columns in the middle (from the second to the fifth) correspond to differences between strategies as measured by the Earth Movers Distance
(EMD; below the diagonal) and Pearson correlations (r; above the diagonal), while the last two columns indicate the degree of diversity and
aggregation present in each prioritization strategy as measured by the Shannon diversity (H) and evenness (E) indices, respectively.
r
EMD
Consensus Maintain follow-ups Keep clean Water production H E
Cape Peninsula
Consensus – 0.61 0.82 0.41 4.43 0.71
Maintain follow-ups 44.1 – 0.48 0.29 4.44 0.71
Keep clean 33.1 63.9 – 0.38 3.82 0.67
Water production 27.2 45.8 27.2 – 4.14 0.68
Agulhas Plain
Consensus – 0.80 0.91 0.32 4.07 0.73
Maintain follow-ups 23.0 – 0.74 0.27 4.01 0.71
Keep clean 36.3 41.7 – 0.26 4.11 0.74
Water production 33.7 30.4 39.3 – 3.79 0.68
Outeniqua
Consensus – 0.48 0.33 )0.04 4.07 0.86
Maintain follow-ups 38.3 – 0.09 0.08 4.07 0.86
Keep clean 32.9 35.8 – )0.30 3.10 0.82
Water production 21.1 37.5 25.1 – 3.64 0.84
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though some general guidelines can be derived, particular
differences in environmental conditions and the status of the
invasions preclude the generalization of the results across
regions within the same bioregion. This has enormous
management implications, since it shows the need to adjust
prioritization strategies to the particularities of each region.
However, we need to remember that this sensitivity approach
only allowed us to examine divergences on the spatial
prioritization among various strategies and the consensus
prioritization in a static manner, but did not allow us to
evaluate the dynamics of IAPs over time and therefore identify
the optimal strategy (R.M. Krug et al., unpublished data). To
provide final and more robust guidelines for the management
of IAPs in South Africa’s Cape Floristic Region, the develop-
ment of a dynamic model considering the dispersal of the
species under different management strategies needs to be
conducted.
CONCLUSIONS
Considering the role of conservation biogeography in provid-
ing solutions to current human-nature linkages, and future
changes associated with global environmental change, it is
crucial to account for the level of uncertainty associated with
our decisions (Fuller et al., 2008). Besides the substantial
improvements in understanding the ecological and human
mechanisms behind the dynamics of species distributions,
there are still enormous uncertainties associated with the
models used to synthesize the complexity of natural systems
(Ascough et al., 2008). Although acknowledging these various
uncertainties, few studies have explicitly included analysis of
sensitivity of their decision models or future predictions. We
find this lack of criticism a major drawback in analysing not
only the problem at hand, but also in permitting further
improvement on the field of conservation biogeography
(Whittaker et al., 2005). We encourage research to investigate
standard procedures to evaluate management practices and
decision-making tools, and in particular the development of
spatially-explicit sensitivity analyses as the one developed
herein. Incorporating uncertainty into our analysis will allow
us to have greater confidence in final outputs and managers
will rely on research outputs to guide their decisions.
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Figure S1 Scheme of the procedure used to convert any set of
factor weights into a priority map.
Figure S2 Visualization of priorities for management of
invasive alien plants at the factor level.
Figure S3 Visual interpretation of the effects of changing the
priority maps on the Earth Movers Distance and the Shannon
diversity indices.
Figure S4 Random weights sensitivity analysis based on the
Earth Movers Distance and the Shannon diversity indices.
Figure S5 Frequency distributions of the Earth Movers
Distance and the Shannon diversity indices derived from the
random weight sensitivity analysis.
Figure S6 Probability density of the Earth Movers Distance
and the Shannon diversity indices derived from the random
weight analysis when considering 1% subset of sets of random
weights.
Table S1 Source of the GIS data used to convert any set of
factor weights into a priority map.
Table S2 Weights assigned to the different strategies considered
in the selected-weights sensitivity analysis for setting spatially-
explicit priorities for management of invasive alien plants.
Appendix S1 Description of the procedure used to convert
any set of factor weights into a priority map.
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